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Abstract 
Computer simulation presents an excellent tool for visualizing, understating, and analyzing the dynamics of manufacturing systems 
and thus assisting in the decision making process. Manufacturing systems experience structural changes during their operational life 
span resulting from adding new system components, replacing or retiring old components to react to changes in products, 
technology or markets. Current simulation methodologies neither support the changeable nature of manufacturing systems nor the 
change in model parameters during simulation.  
Simulation models and methods used for manufacturing systems are reviewed and evaluated for their suitability to changeable 
manufacturing systems. Future challenges and requirements are highlighted. 
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1. Introduction 
Simulation has been used for decades as a tool to 
support decision making in manufacturing systems. It is 
far cheaper and faster to build a virtual system and 
experiment with different scenarios and decisions before 
actually implementing the system. Simulation has been 
widely used to support decisions in both manufacturing 
systems’ design and operation. Simulation of 
Manufacturing Systems is performed using one of three 
simulation methods: Discrete Event Simulation (DES), 
System Dynamics (SD), and Agent-Based (AB) 
Simulation. Examples on the use of simulation for 
manufacturing systems design can be found in [1, 2], 
and those on the use of simulation for manufacturing 
systems operation can be found in [3]. Simulation has 
also been used in different levels and areas of 
manufacturing systems such as scheduling [4], supply 
chain management [5], as well as on the enterprise level 
[6]. A detailed survey on the use of simulation for 
manufacturing system design and operation can be found 
in [7]. 
Although simulation presents an excellent tool for 
supporting decision making, yet this tool loses its 
effectiveness when the decision alternatives become too 
many. In that case, using simulation becomes a tedious, 
time consuming, and impractical exercise. 
To overcome this problem, many researchers 
proposed the addition of intelligent support systems such 
as Expert Systems to simulators; however, still with 
complex systems the rules tree in Expert Systems 
becomes very large and exhaustive that it requires a lot 
of time and computational power.  
In this paper a review of the current simulation 
methods in manufacturing systems will be presented 
with emphasis on their shortcomings. Also, a novel 
approach for simulation of production systems that is 
currently being developed at the Intelligent 
Manufacturing Systems center at University of Windsor 
will be highlighted.  
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2. Review of Manufacturing Systems Simulation 
Methods 
2.1. System Dynamics (SD) simulation 
SD models are continuous models governed by 
differential or difference equations to simulate 
interactions between different components of the system. 
The principles of System Dynamics were developed by 
Forrester under the name of Industrial dynamics [8]. 
Wolstenholme define System Dynamics as: “rigorous 
method for qualitative description, exploration and 
analysis of complex systems in terms of their processes, 
information, organizational structure and strategies; 
which facilitates simulation modeling and quantitative 
analysis for the design of system structure and control 
“[9] 
An SD model represents the system in the form of 
causal loops and stock and flow diagrams with positive 
and negative feedback relations. In the causal loops, 
resources flow according to specified rates causing 
changes to stocks. Rates and influence relations are 
governed by mathematical equations that can be exact, 
approximate, or empirical [9]. The first SD computer 
simulator was called SIMPLE (Simulation of Industrial 
Management Problems with Lots of Equations), which 
was developed in 1958 [10]. Current commercial System 
Dynamic simulation software includes Vensim, Stella, 
iThink, Powersim, and Simile. 
Although SD was initially developed to study 
industrial systems, it gained widespread popularity in 
other research areas such as socio-economy [11, 12] and 
ecology [13].  
In the field of manufacturing systems modeling, SD 
has been used in many applications. Lai et al. [14] 
proposed an SD methodology for studying JIT in 
electronic commerce environment. Ravishankar [15] 
used SD to model to analyze the effects of management 
policies on the performance of a semiconductor 
fabrication line. Bianchi and Virdone [16] used an SD 
model to choose between a push and a pull production 
system for a telecommunication firm. Deif and H. 
ElMaraghy [17] developed an SD model to assess 
different capacity scalability policies in Reconfigurable 
Manufacturing Systems. Arafa and W. ElMaraghy [6] 
used an SD model of a manufacturing enterprise to 
compare the effect of different long- and short-term 
capacity policies. Oyarbide et al. [18] developed an SD 
based software dedicated to simulating manufacturing 
systems and used it to simulate an engine production 
assembly line. He used Visual Basic as a modeling tool 
and modeled different machines as rate elements and 
WIP as stocks.  
An important drawback of SD is that it describes the 
system in terms of deterministic mathematical equations 
while in reality many operations are stochastic or do not 
follow a mathematical or analytical models [19]. 
Another drawback is that although the model parameters 
can change during simulation by feedback loops, the 
structure of the system and the governing rules are 
constant. 
2.2. Discrete Event Simulation (DES) 
In DES, system components are modeled as “objects” 
with attributes. The states of the objects change in 
response to specific “events” that do not occur at equally 
spaced points of time, they can occur at random and 
several events can occur at the same time [20]. In a 
manufacturing system, machines, workers, and Material 
Handling Systems (MHSs) are objects; their attributes 
can be their availability, the time they require to perform 
a certain task, and their reliability. Events can be the 
arrival of a work order, the breakdown of a machine, or 
delivery of an item from one place to another [21].  
Discrete Event Simulation (DES) is the most widely 
used method in manufacturing systems simulation [19]. 
The first specialized languages for modeling DES were 
Gordon’s Programmable Simulation System (GPSS) and 
Simscript [21], current commercial DES software 
include ARENA, AutoMod, WITNESS, Flexsim, SLX, 
Extend, and ProModel [22]. 
Smith [7] presented a survey on the use of DES in 
manufacturing systems, where the applications of 
simulation were classified into two categories, 
manufacturing system design and manufacturing system 
operation. In the category of manufacturing system 
design, simulation is used to evaluate long term 
decisions. This category is subdivided into facility 
design, material handling system design, manufacturing 
cell design, and flexible manufacturing system design. 
The second category focuses on operations planning, 
scheduling, real-time control, operating policies, and 
performance analysis, these areas are out of the scope of 
this paper. The survey concluded that with the increase 
of computers computational power, time required to 
construct and run simulations decreased and hence, 
simulation started to be used more often in operational 
applications. Kelton [23] arrived to a similar conclusion 
by arguing that simulation moved from a design tool to 
managerial decision support tool with the development 
of software applications.  
Examples of the use of DES in manufacturing system 
design include: 
x System simulation during the design stage in order to 
evaluate the given design in terms of flow times, 
production quotas, and number of pallets needed, etc.  
x Evaluating system performance such as utilization of 
machines, idle time at each machine, material 
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handling time, and the throughput time for different 
layouts and operation scenarios.  
x System design to determine the required number of 
machines of different operating characteristics, 
number of AGVs in a MHS, the size of storage 
buffers, and number of tools, etc. 
x Comparing operation strategies, material handling 
heuristics, use of human operators, etc.  
The main advantages of DES are the ease of use –
there are many available user friendly commercial 
software with ready-made drag-and-drop components-, 
the ability to include stochastic elements, and the ability 
to track individual system components and get several 
performance measures for them [19]. Fig. 1 presents a 
simple production line modeled using the DES software 
FlexSim.  
 
 
Fig. 1. A typical production line in the DES software FlexSim. 
2.3. Agent Based simulation 
In Agent Based Simulation, the system components 
are modeled as “agents” as opposed to “objects”. Agents 
and interactions between agents are described in simple 
rules while patterns, structures, behaviours, and complex 
dynamics emerge from the interactions [24]. Because 
ABS is a new modeling and simulation tool, there is no 
universal agreement on the definition of “agents” [24, 
25]. However, Macal and North [24] listed a set of 
essential characteristics for agents in agent based 
systems, they stated that agents must be self-contained, 
autonomous, having a state that varies with time, and 
interacting dynamically with other agents. Self-
contained means having identifiable boundaries as well 
as distinctive attributes that can be distinguished and 
identified. Autonomous means they take decisions and 
act based on internal rules and information sensed from 
the environment. Secondary characteristics that agents 
may possess such as adaptability, being goal-directed, 
and heterogeneity were also identified. Adaptability is 
attained through learning rules that change the behavior 
of agents based on experience. Fig. 2 presents a simple 
agent based simulation model.  
 
 
Fig. 2. Agent based simulation model. 
Railsback et al. [26]  presented a review on five 
agent-based simulation platforms MASON, Repast 
(JAVA and Objective-C versions), Swarm, and 
NetLogo. They stated that NetLogo is the highest-level 
platform and they recommended it even for modeling 
complex systems. The paper contains a detailed 
comparison between the platforms in terms of objectives 
and philosophies, general simulation issues (like model 
structure and scheduling of actions execution), general 
programming experience (like file output and support for 
simulation experiments), and execution speed.  Allan 
[27] provided an expanded survey and reported on 43 
agent based software package. 
In their 2006 keynote paper, Monostori et al. [28] 
presented a survey on agent based systems for 
manufacturing. They presented applications of ABSs in 
engineering design, process planning, production 
planning and control, and production scheduling.  It is 
concluded that agent-based concepts and tools are being 
increasingly used in manufacturing; however, they are 
mostly used as an optimization tool for scheduling, 
process planning, and supply chain management or as a 
manufacturing control and integration tool as well [29-
31].  
Taghezout and Zarate [32] used JADE to simulate a 
simple flow-shop manufacturing system. Lee et al. [33] 
reported a market-based negotiation mechanism called 
(P-TATO) for resource scheduling in multi-project 
environment as well as a simulation tool (PtatoSim). 
They modeled the organization in terms of five agent 
classes, a project management agent, task agents, 
resource manager agents, resource agents and 
coordinator agents. They compared the simulation 
results with a mathematical programming based 
optimization tool (LINDO) and showed good solution 
quality and high levels of computational efficiency.  
Barbosa and Leitao [34] used NetLogo to model and 
simulate a simple production line. They constructed the 
model using three types of agents, product agent, 
resource agents and quality control agents. They 
simulated the line for three different scenarios while 
monitoring the Work In Process (WIP) and the 
Manufacturing Lead Time (MLT). In an earlier work, 
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they used NeltLogo to model the control of an assembly 
system and allowed self-organisation and adaptation 
through the concept of stigmergy [35]. Stigmergy is a 
self-organisation concept in which individuals 
coordinate actions by leaving traces that trigger actions 
by the same or different individuals, a famous example 
to the concept in nature is the use pheromones by ants to 
share information between the colony members.  
In the plenary panel organised at the UK Operational 
Research Society’s Simulation Workshop 2010 (SW10), 
the future of agent based systems was discussed [36]. It 
was concluded that although there is growing interest in 
using agent based systems in academia and industry, 
most people do not know how to use them. The reasons 
for that are mainly the immaturity of available agent 
based software and the need for programming 
experience to use them. 
3. Limitations to Current Simulation Techniques 
There exist two fundamental limitations to current 
simulation techniques, the first is requiring different runs 
to experiment different scenarios or different decisions, 
and the second is having no ability to introduce changes 
to the system during simulation. 
3.1. Multiple simulation runs 
The main use of simulation is assisting in decision 
making regarding design or operation of the system. 
Assistance comes in the form of allowing decision 
makers to experiment with different What-If scenarios 
and evaluate the outcomes of different decisions. This 
works well when the decision maker needs to choose 
between a few possible changes, but when there are too 
many possible decisions as well as too many scenarios, it 
becomes a little hindering and exhaustive. Examining 
many decisions will require setting up the simulation 
model and conducting the simulation run for each 
possible decision consecutively. If the system consists of 
10 components and each component has only two 
possible alternatives, then there are 210=1024 alternative 
to be investigated. Conducting this number of 
simulations is tedious, time consuming, impractical and 
prone to errors.  
Many researchers proposed using Expert Systems in 
order to solve this problem. An Expert System is a 
computer software that has the ability to make decisions 
based on a knowledge base and an inference engine [37]. 
The knowledge base is a library of knowledge in the 
form of rules and facts; the inference engine uses the 
knowledge base as well as interactions with users to 
arrive at decisions. In essence, Expert Systems try to 
emulate the function of actual experts.  
Expert Systems are used to analyze simulation results 
and propose changes if the results do not meet the 
required performance. The model is then simulated again 
and the loop continues until required performance is 
achieved.  
The combination of ESs and simulation was 
implemented successfully for many manufacturing 
systems simulation cases. Millichamp et al. [38] used an 
ES to analyze simulation results of an FMS and 
recommend modifications to the system. The simulator 
and the ES were separate entities and the recommended 
modifications were implemented in the simulator 
manually. The system is provided with objectives and an 
initial design. After simulating the initial design the 
results were analyzed by the ES which gives 
recommendations. The cycle of simulation and 
recommendations continues until the objectives are met. 
The ES gives the recommendations based on a hierarchy 
that tries to satisfy production objectives first then 
financial objectives and lastly look into any possible 
post-objective improvements. Ford and Schroer [39] 
went a step further and implemented a system that 
coupled an ES with a commercial simulator. The ES has 
the ability to implement changes and re-run the 
simulation after giving the user a choice of changing, 
modifying, or accepting the changes. 
One problem in ESs is the difficulty of constructing 
and maintaining the knowledge base of the ES, 
especially when the number of rules increases and has 
complex effects on each other [40]. The authors in [40-
42] proposed different methods for simplifying and 
restructuring the rules of the knowledge base. Chen et al. 
[43] argued that for an effective and efficient knowledge 
base, it should be well organized from the very 
beginning in contrast to any simplification  and 
restructuring that could take place at the end. They used 
the independence axiom in the Axiomatic Design [44] to 
develop a hierarchical structured knowledge base. They 
constructed a four-level knowledge base by mapping 
Functional Requirements (FRs) to Design Parameters 
(DPs). They defined FRs as the physical components in 
the system to be improved and the DPs as the facts and 
rules that are needed to improve the system.  
3.2. Changing system under simulation 
Simulation tries to mimic real systems as accurately 
as possible. However, while real systems are dynamic 
and changing, simulation is rigid and static in both 
structure and parameters. This problem becomes more 
obvious when simulating a system over a long period of 
time. In such cases, in order to have an accurate 
simulation the system has to be dynamic and react to 
simulation outputs by introducing changes to system 
under simulation. An example of that is simulating the 
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market share of a certain product, which in current 
simulation methods would be simulated based on fixed 
parameters of that product (e.g. price, availability, etc.) 
and competing products. In reality, these parameters are 
dynamic and do not follow fixed rules but rather follow 
heuristics that are more described by behaviours.  
Rao [45] identified this problem and proposed a 
solution based again on an Expert System. He proposed 
brainstorming to identifying possible critical events and 
then recommending possible reactions to them with the 
help of the managers of the actual system. In reaction to 
critical events, the parameters and components of the 
simulation model can change based on the 
recommendations of the ES. In his case study, he 
addressed the problem of simulating the activity of a bus 
route in order to optimize the number of busses needed 
for certain goal of waiting time for passengers. The 
conditions of operation changes during each day –
sometimes are busier than others. In a traditional 
simulation, a separate simulation model would have 
been needed for every change in conditions and for that 
model several runs would have been needed to arrive at 
the best operating conditions. With the system proposed 
by Rao, only one simulation run was required. The 
system starts with a given number of buses and 
additional ones are added to the system when a certain 
threshold of waiting passengers is reached. Also a bus 
can be taken of the system when the number of waiting 
passengers decreases beyond a certain threshold.  
The solution proposed by Rao is however very 
limited and is difficult to use on a larger scale. His 
method requires brainstorming all critical events 
beforehand as well as recommending solutions. Both 
requirements would be very difficult in systems with 
larger scale or more complex interactions where 
simulation is used in the first place to identify the 
problems and try possible solutions. In addition, that 
system would only work for systems that can easily 
change its resources. In the case study resources (buses) 
can be easily added to or removed from the system. 
Therefore it can be used to simulate systems with 
dynamic change in labour hours or those with scalable 
capacity capabilities.  
3.3. Discussion  
Adding an ES to a simulator gives it the ability to: 
1. Identify unmet objectives.  
2. Autonomously introduce change in the system to 
meet those objectives.  
3. Repeat 1 and 2 until all objectives are met. 
However, building such a system has the following 
limitations: 
1. A detailed documentation of all possible 
problems and all possible changes to solve them.  
2. Many possible solutions can potentially solve a 
given problem; in that case all the solutions will 
be simulated to arrive at the best alternative.  
3. Updating the knowledge base with new 
components (new machines, policies, or systems) 
requires re-evaluating the whole knowledge base 
and re-assessing most of the rules. 
4. The system is highly customized –i.e. cannot be 
reused for other systems. 
4. Challenges, Future Directions and Conclusions  
Manufacturing systems are progressing with 
increasing pace towards changeable manufacturing 
systems [46]. This new paradigm enables quick and 
efficient physical change in reality. This ability to make 
physical change will be irrelevant and inefficient if not 
preceded with an evaluation of all possible changes. 
Furthermore, this availability and ease of physical 
change would require a frequent -if not continuous- 
exploration of possible changes or otherwise this ability 
will be wasted. It is obvious that with available 
simulation methods and tools, such an exercise will be 
tedious, time consuming, and very expensive.  
There is a need for a new simulation methodology 
that enables the required continuous exploration and 
evaluation of all relevant changes. Because the process 
of exploration and evaluation is continuous, it should be 
executed autonomously based on a knowledge base built 
into the simulator. Most importantly, exploration of 
changes should be done on all levels starting from 
system parameters all the way to the very structure of the 
system as a whole.  
This paper presented a survey on manufacturing 
systems simulation using System Dynamics, Discrete 
Event Simulation and Agent-based Systems. With the 
ever increasing complexity of manufacturing systems, 
these simulation tools and techniques are becoming less 
effective and less helpful as a decision making support 
tool.  
The requirements of a new paradigm in 
manufacturing systems simulation has been presented 
and can be summarized in developing adaptive 
simulators that are capable of changing autonomously 
with the parameters, requirements, structure, and 
components of the system and deliver the best outcome 
to the user.  
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